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Abstract
The objective of this research is to develop a knowledge-based approach of performing Failure Modes and Effects Analysis (FMEA) on flexible 
vehicle components. A three-step knowledge discovery and data mining process is used to develop a set of rules. This set provides decision 
support to engineers while they perform FMEA on flexible vehicle components. The first step is where traditional FMEAs are performed on 
flexible components. In the second step, a decision tree algorithm (J48) is used to extract rules from the collected data. The third step involves 
manual post-processing of the rules extracted by the decision tree algorithm. Finally, the set of rules is implemented in a knowledge-based FMEA 
tool that can be used to provide decision support to engineers while they perform FMEAs on flexible components. The tool is used to identify 
and review quality issues within a complete vehicle.  The top ten issues identified from the FMEA are submitted to design and manufacturing 
engineers for detailed evaluations.
© 2016 The Authors. Published by Elsevier B.V.
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1. Motivation
Quality, performance, and cost, have been key drivers of 
production in the automotive industry for the last 30 years 
[1]. Quality concerns impose demands as customers increase 
expectations regarding reliability and reduced maintenance 
where eventual complaints quickly spread through social 
networks thereby affecting the manufacturer image [2]. At 
the same time, vehicles become more compact and fuel-
efficient by using new materials and complex components. 
These features lead to high probabilities of contact or clash 
between two components in proximity due to deflection 
under the vehicle’s dynamic events, causing noise, wear, and 
other quality issues. In the context of this work, those types 
of components are called Flexible parts, and their propensity 
to deform is explained by the characteristics and combination 
of the constitutive material, geometry, and location within 
the vehicle. The categories of flexible components 
considered in this research are: Bowden cables, brake lines, 
engine cooling system hoses, fuel lines, hydraulic hoses, 
windshield and lights washer lines, and wire and cable 
harnesses.
The technique adopted to analyse quality issues related to 
flexible components is Failure Mode and Effect Analysis 
(FMEA). Using FMEA, the different components of a 
system, the failure modes, their causes, and effects can be 
identified. Further, the FMEA provides a formal structure to 
capture the failure causes and modes and the associated 
solutions [3]. A typical number of parts for a line production 
vehicle at one vehicle OEM is 1500 [4], but in the literature 
reviewed, no publications make reference to what percentage 
of those are flexible parts. However, considering them as 
components belonging to the seven part families, it can be 
inferred that the percentage is substantial. This indicates that 
for a comprehensive vehicle analysis, a considerable number 
of FMEA should be performed, each of them comprising ten
categories. Thus, the big volume of information involved 
requires a systematic approach for its management as 
imperative.
In this paper a method is developed to support the 
standardization of FMEA information, extraction of rules 
that relate elements of this processed information, and query 
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of improvements. The formalized knowledge is then 
implemented into a knowledge-based FMEA tool that is 
intended to assist a car manufacturer in the effort of dealing 
with flexible parts quality issues, and provide suggestions or 
opportunities of improvements in design, pre-series 
production, or assembly production.
2. Frame of Reference
The literature reviewed has been presented in three 
sections: FMEA, existing knowledge based FMEA 
approaches, and knowledge discovery and data mining. First, 
FMEA provide the foundation for capturing manufacturing 
failure modes. Researchers have recognized the need and 
potential of knowledge based FMEA approaches – their 
research efforts have been reviewed. Finally, knowledge-
based approaches used in this research have been reviewed 
and presented.
2.1. Failure Modes and Effects Analysis
FMEAs have been defined by Pahl and Beitz as “a 
formalized analytical method for the systematic 
identification of possible failures and the estimation of the 
related risks (effects)” [5]. FMEAs can be divided into two 
categories based on their use: Design FMEA, and Process 
FMEA [3,6]. The focus of design FMEAs is to analyze the 
product (at a system and sub-system level) to gain an 
understanding of potential quality concerns arising from 
product design and functionality. Process FMEAs are 
performed to investigate manufacturing and assembly 
procedures to identify, and analyze, potential failures due to 
improper process design. 
While conducting FMEAs (both, design and process), the 
component being analyzed needs to be identified first. Next, 
the type of failure (failure mode) must be determined and 
recorded. Once this is completed, the consequence of the 
component failing through the specified failure mode must 
be investigated and recorded. Based on these assessments, 
the scenario of the particular component failing through the 
specified failure mode is assigned a probability of occurrence 
(O), a score for severity of consequence (S), and a score for 
detectability of failure during design (D). The values for O, 
S and D typically range from 1 to 10, and are assigned by 
engineers in a subjective manner. A Risk Priority Number 
(RPN) is calculated by multiplying O, S and D, and is used 
as a metric to quantify the importance of component failures.
The use and limitations of FMEAs in the automotive 
industry has been demonstrated on an inflator unit that is 
commonly used in safety restraining systems in the 
automotive industry [7].  These limitations are identified to 
be the following [3,5,7].
x FMEAs are often performed as a formality and the 
knowledge generated is not applied to resolve identified 
issues [7].
x To perform accurate FMEAs requires the coordinated 
efforts of engineers from various departments.
x The effort and time required to perform FMEAs can 
cause an aversion to its use.
x FMEAs are qualitative in nature and engineers within 
and across teams may provide inconsistent information.
These limitations have been previously identified and 
research has been performed to mitigate them by developing 
knowledge-based FMEA approaches. These research efforts 
have been reviewed and discussed in the following 
subsection.
2.2. Knowledge-based FMEA approaches 
There are two approaches to knowledge-based FMEAs –
prediction of RPN, and automation of FMEA reports [8–13].
Prediction of RPN has been performed by the use of fuzzy 
FMEA systems [8,12] where the investigation of the failure 
mode and failure consequence for a component is performed 
by the engineer without any decision support. The engineer 
uses linguistic variables (such as low, medium, high) to 
indicate the occurrence, severity and detection. Based on 
these linguistic variables, fuzzy logic is applied to 
provide/predict a crisp RPN value. Such systems may reduce 
the inconsistency associated with assessment of O, S and D. 
They may also increase consistency in the RPN values 
obtained by different engineers. However, they do not 
provide decision support to engineers while they analyze 
components for failure modes and failure consequences, and 
do not provide users with suggested improvements to current 
situations.
The Flame system automates the generation of FMEA 
reports [10]. This tool requires a detailed functional 
description of all sub-systems to predict the failure modes 
and failure consequences of components. The generation and 
prediction of RPN is performed by retrieving RPN values for 
past cases of failure for the same component or by retrieving 
RPN values for similar components. The Flame system 
mitigates the issue of lack of decision support for engineers 
while they analyze components during an FMEA. However, 
the Flame system does not provide decision support with 
regards to suggested improvements. Additionally, research 
has been performed to standardize the knowledge 
representation of FMEA information using ontologies, 
which in turn allows for querying of previously recorded 
FMEA information, and also allows for drawing inferences 
[13,14]. Three key research opportunities were identified 
from a review of existing literature:
x Flexible components provide challenging problems to 
understand how they cause failures and quality issues in 
systems. While there is existing literature on how to 
simulate and analyze traditional components, there are 
several opportunities to evaluate flexible components
x FMEA is a mature and commonly used tool for analysis 
of systems. However the use of historical knowledge 
from past designs has not been fully leveraged.
x Data mining and analytics is increasing in use, there is 
an opportunity to leverage text analysis for FMEA
To bridge these gaps, a knowledge-based FMEA tool was 
developed. The description of this knowledge-based FMEA 
tool is provided in the following sections.
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3. Development of a Knowledge-Based FMEA
The objective of this research is to support identification 
and management of flexible parts issues. The method 
employed to achieve this objective was to use a knowledge-
based system to provide decision support while engineers 
perform FMEAs. A three step process [15] is used to analyze 
the data and extract patterns from it (see Figure 1).
Figure 1. Steps to develop knowledge-based FMEA
In the first step, raw FMEA data is preprocessed. This data 
had to be converted from free text to standardized text. The 
second step is where Knowledge Discovery and Data mining 
(KDD) techniques [16] were used to extract patterns from the 
FMEA data collected. In the final step, the patterns were 
manually analyzed and transformed into a rule-based system 
that related material interaction, failure mode, failure cause 
and suggested improvements. Each of the three steps is 
described in further detail in the following subsections.
4. Collecting Raw FMEA data and Standardization 
The tool used to collect information about the quality 
issues affecting flexible parts within a vehicle is Failure 
Modes and Effect Analysis (FMEA). FMEA is an approach 
recognized by its ability to track component failures and take 
proactive measures to prevent those failures [3]. Also, it is 
frequently used in quality management, and thus a familiarity 
with future users is expected [3]. FMEA data collection 
involves the identification of the flexible parts, gathering 
information about the failure, quantification of the failure 
risk, and suggestion of an improvement to solve or attenuate 
the issue. These are explained in the following sections.
FMEA data collection involves the identification of the 
flexible parts, gathering information about the failure, 
quantification of the failure risk, and suggestion of an 
improvement to solve or attenuate the issue. In order to 
overcome the subjective nature of assigning O, S, and D 
values, a rubric to assist on the scoring of each number was 
developed, which are presented in Table 1 through Table 3.
A higher number indicates a higher sense of urgency in 
investigating the potential failure. Cases with low, medium, 
or high criticality are assigned a score according to a 
geometric scale in order to accentuate differences between 
evaluations [5].
Table 1. FMEA Occurrence Rubric.
Analyze failure for both criteria and select highest number
Criteria Occurrence Score
Miles
Occurs over 100000 miles 1
Occurs between 5000-100000 miles 3
Occurs <5000 miles 9
Frequency 
(once in how 
many cars)
Low. Failure occurs one in every 25,000 
cars
1
Medium. Failure occurs one in every 
10,000 cars
3
High. Failure occurs one in every 1,000 
cars
9
Table 2. FMEA Severity Rubric.
Severity Example Score
Low. “Inconvenience” to customer Aesthetics, noise 1
Medium. Time-related 
performance deterioration
Wear on hoses 3
High. Loss of functionality but not 
catastrophic
Non-functional A/C system 7
High. Loss of functionality and 
catastrophic
Non-functional brake lines 9
Table 3. FMEA Failure Cause Rubric
Failure type Failure cause
Detection 
proposed test
Score
Noise
Impact on 
surrounding 
parts
(1) CAD clash 
analysis
1
(2) Chalk spray 3
Wear
Rubbing 
against 
surrounding 
parts
(3) Video recording 3
(4) Contact pressure 
paper and vibration
measurement
9
Wrong 
position
Wrong 
assembly
(5) Augmented 
reality
3
Bad clip (6) Force gauge 9
Fatigue
Induced 
vibration
(7) Vibrations 
measurement
9
The rubrics were tested to verify the consistency achieved 
on the task of scoring FMEAs. Two raters analyzed five 
flexible parts, and a total of thirteen failures individually. The 
inter-rater agreement between the two raters is computed 
using Cohen’s Kappa, a metric that indicates the level of 
agreement. The correlations show a high agreement between 
the two raters (see Table 4) [17]. It is recognized that this test 
is not enough prove of validation of the rubrics, but is
considered sufficient for noting their value for the practical 
purposes of this work.
Table 4. Correlation coefficients for inter-rater agreement.
Numeric assessment Inter-rater agreement
Occurrence (O) 0.76
Severity (S) 0.94
Detection (D) 0.97
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5. Standardization of FMEA raw data
While collecting FMEA data, free text was used to 
capture failure causes, failure consequences and suggested 
improvements. These free text elements had to be converted 
to structured text with standardized language before KDD 
algorithms could be run. Conversion to structured, 
standardized text will support the disambiguation and 
distinction between dissimilar FMEA text elements. An 
example of free text FMEA elements converted to 
standardized text is shown in Table 5.
Table 5. Example of free text failure cause converted to standardized 
language.
Free Text Failure Cause Standardized Failure Cause
Rubbing against ribs on B surface of door 
panel
Rubbing against surrounding 
parts
Impact of cable on B-surface of door panel
- Wire too long
Impact on surrounding parts
Impact of cable on B-surface of door panel
- Configuration issue
Impact on surrounding parts
Vibration of hose causes fatigue of metal 
tube
Induced Vibration
The following steps were employed to convert free text 
failure mode, failure cause and suggested improvement 
descriptions into standardized text:
x Compute similarity between the text elements. The goal 
is to cluster free text elements with similar meanings for 
further analysis. For this, LSA [18] was used and 
document-document comparison was performed. A 
subset of the data analyzed is shown in Table 6 to 
demonstrate the use of LSA to compute similarity of text 
documents.
Table 6. LSA scores for subset of failure causes.
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Rubbing against ribs on B surface of
door panel
1.00 0.83 0.92 0.29
Impact of cable on B-surface of door 
panel - Wire too long
0.83 1.00 0.83 0.39
Impact of cable on B-surface of door 
panel - Configuration issue
0.92 0.83 1.00 0.27
Vibration of hose causes fatigue of metal 
tube
0.29 0.39 0.27 1.00
x Cluster free text elements with high degree of semantic 
similarity. The clustering algorithm presented in [19] was 
obtained from www.dsmweb.org and used to cluster the 
free text descriptions of failure mode, failure cause and 
suggested improvements.
x Assign standardized text descriptions to clusters. Five 
clusters were formed for failure cause, four for failure 
mode and ten for suggested improvements. These clusters 
were manually analyzed and standardized descriptions 
were assigned to each. All clusters and their respective 
standardized descriptions are shown in Table 7.
Table 7. Standardized Failure Cause, Mode, and Suggested Improvement.
Standardized 
Failure Cause
Standardized 
Failure 
Mode
Standardized Suggested 
Improvement
Rubbing against 
surrounding parts
Wear Add a spacer
Impact on 
surrounding parts
Noise Add additional clip
Bad clip
Wrong 
Position
Attach components to each 
other
Wrong assembly Fatigue Change clip position
Induced Vibration
Decrease clip force
Improve assembly work 
instructions
Improve protective covering
Increase clipping force by 
changing clip design
Increase fit tightness
Wrap with wear protection
After standardized descriptions for failure mode, failure 
cause and suggested improvements developed, KDD 
algorithms were used to extract patterns relating the three. A 
brief discussion on the algorithm to extract pattern from the 
FMEA historical data is presented in the next section.
6. Knowledge Discovery and Data mining
The preprocessed, standardized failure mode, failure 
cause and suggested improvements data are coupled with 
material interaction data and input to a J48 Decision Tree 
algorithm (from the Waikato Environment for Knowledge 
Analysis (WEKA) [20,21]). It is specified to the decision tree 
algorithm that Suggested Improvements is the required 
output. This allows the algorithm to map Material 
Interaction, Failure Mode and Failure Cause to Suggested 
Improvements. A snippet of the results output by the 
algorithm is shown in Table 8.
Table 8: Snippet of rules developed
Precedent Antecedent
<plastic on 
plastic>+<Any>+<Rubbing against 
surrounding parts>
<Wrap with wear protection>
<plastic on plastic>+<Any>+<Impact 
on surrounding parts>
<add additional clip>
<plastic on plastic>+<Any>+<Bad 
clip>
<Increase clipping force by 
improving clip design>
<plastic on 
plastic>+<Wear>+<Wrong assembly>
<increase clip size>
<plastic on 
plastic>+<Noise>+<Wrong 
assembly>
<Improve assembly work 
instructions>
< plastic on plastic> + <  Wrong 
Position> + < Wrong assembly>
<Change to closed-clip 
design>
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7. Post-Processing: Manual Analysis of Rules
In this step, the outputs from the J48 Decision Tree are 
analyzed manually for incorrect rules. These wrong rules are 
typically resultants of noise in input data or lack of input data. 
Once wrong rules have been removed, the rules are 
converted into IF-THEN format. The accuracy of the rules is 
dependent on correct information and the number of cases 
that are analyzed. The J48 tree implementation enables 
continual refinement of rules as new data is generated. The 
rules are post-processed by quality and manufacturing 
engineers at the automotive OEM and by the researchers. 
The reviewers have a background in engineering, 
manufacturing, or quality control.
8. Knowledge-Based FMEA
The interaction and execution of the rules is shown in 
Figure 2. The system will allow users to enter FMEA data 
that will then be stored in a database. The rules, which map 
material interaction, failure modes, failure causes and 
suggested improvements, are stored in the same database. 
The system runs the input data through the FMEA rules and 
extracts a suggested improvement, which is then displayed 
to the user. In this research, the system and database are 
developed within Microsoft® Excel. The interface allows 
users to input FMEA data and view suggested improvements.
The functioning of this system is explained in further detail 
in the following section.
Figure 2. Information flow diagram of knowledge-based FMEA rules and 
tool.
An overview of the Knowledge-based FMEA interface is 
shown in Figure 3. The procedure to use the system and the 
computation performed by the system is described in the 
following sections. Each step is explained with the help of an 
example use case of the tool. For this example, a Bowden
cable, which is used to release the hood, is considered for
investigation.
Figure 3: Knowledge-based FMEA Interface
x Input the part being analyzed (Example: Bowden
cable)
The first input the user must provide is in the dropdown 
menu labeled “Select part being analyzed”. The user must 
first select a component from a list. The list can be filtered in 
a variety of ways, but typically based on location within the 
vehicle, functionality, or material.  In this case, the user 
selects “hood release Bowden cable” (see Figure 4) from the 
list.
Figure 4: Location of hood release Bowden cable
Computation performed by system
Upon making this selection, the system performs a 
bounding box clash analysis and auto-populates the 
“Neighboring Components” box and the “Select part which 
causes failure” dropdown. The system also extracts, from 
Product-Data Management system, the material type for the 
part being analyzed. In this case, the system retrieves the 
material for Bowden cable as “plastic”, and the following 
neighboring components (among others):
a. Latch control
b. Bracket for front flap
c. Bowden cable clip
d. Support bar
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x Failure mode (Example: Wear)
The next input the user must provide is in the dropdown 
menu labeled “Select failure mode”. The user must select a 
failure mode from the list of four – wear, noise, wrong
position or fatigue. In this example, the failure mode “wear” 
is chosen.
Computation performed by system
The list of “Failure causes” will be filtered based on the 
failure mode selected. For example, the only failure cause 
which will be made available (for the failure mode wear) will 
be “Rubbing against”.
x Failure cause
After failure mode, boundary conditions and neighboring 
conditions are specified, the user must select the action 
leading to failure and the component that the part being 
analyzed interacts with during failure. 
Computation performed by system
The material of the part being analyzed, material of the 
component with which the part interacts, failure mode and 
failure cause is used to query the rule base. The results from 
querying the database are suggested improvements and this 
is presented to the user. 
In the case of the example presented, “rubbing against” is 
the only action leading to failure that is made available to the 
user. Once this is selected, the user must select what 
component the Bowden cable rubs against (in “Select part 
which causes failure”) – which is “support bar” for this 
example. This provides the system with information 
regarding the materials of the two interacting components 
(plastic for Bowden cable, and metal for support bar). Based 
on this information, and the rules generated, the system 
provides a suggested improvement of “Wrap with wear 
protection”.
9. Conclusions and Future Work
This paper presents a tool for managing FMEA 
information, intended to assist users in querying information 
from previously obtained raw FMEA data. The method 
presented can be useful for Production Engineers in a vehicle 
manufacturing plant to detect, analyze and solve quality 
issues related to vehicle’s flexible parts in design, pre-series 
production or assembly production. The rule-based system is 
used to support the reverse engineering and disassembly of a 
complete vehicle with focus on the underbody and drivetrain. 
The system was used to identify potential issues with flexible 
components and the results from this analysis were presented 
to engineers at the automotive OEM for additional 
evaluation. 
Future work includes refining the tool so manufacturing 
engineers can record quality issues in real-time and continue
to increase the knowledge base.
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